Abstract
Introduction
A pertinent role for bioinformatics research exists in the analysis of biological data for candidate genes, and subsequent selection of a subset of most likely disease gene candidates for empirical validation [1] .
In recent years, technologies such as high-throughput gene expression profiling [2] have permitted the characterization of molecular differences between healthy and disease states, leading to the identification of an increasing number of disease-related genes [3] [4] [5] [6] . Many computational methods have been developed to address this problem. However, a clear limitation of these approaches is that they often deal with data about single players(i.e. changes in the expression of individual genes) .
Latest statistics of OMIM [7] shows that the genes with known sequence and phenotype are far less than the genes only with know sequence. This brings tremendous difficulties for biologist to confirm disease-related genes. A promising way is using computer-aided methods to help the biologists to preconfirmed disease-related genes with more likelihood. The existing methodologies need mine many different data sources containing sequence data, biological information, functional information and expression data for candidate genes. To be more effective, novel strategies should integrate systemic information to contextualize the differential expression patterns observed [8] .
Protein network-based approaches have proven to be useful and efficient, in such as identifying candidate disease genes and biomarkers. Ideker, T et al. in turn disrupted the interactions among various parts of the system, and thus compromised one or more of the system´s functions [9] .
In this paper, we considered the disease-related genes as a whole research set and analyzed the topological features of their interaction network. Two strategies had been tried for constructing the disease-related gene set. Both of the constructed disease-related gene set and the normal gene set are used to train a svm-model. Finally, two sets of the potential disease-related genes were predicted by these models. With these two construction methods, we gained 27 and 2873 potential disease-related genes, respectively. We also analyzed the location of the 2873 potential disease-related genes. Several locations of high emergence frequency were listed, such as 6p21. 3, 19p13.3 . and so on.
2.DataBase
Regarding the disease-related genes as a whole research set, we choose the Online Mendelian Inheritance in Man(OMIM) and Human Protein Reference Database (HPRD) [10] to extract the disease genes and construct the disease and normal interaction network.
Known disease-related genes
Online Mendelian Inheritance in Man [7, 11] (OMIM) is a comprehensive, authoritative database of human genes and genetic phenotypes which contains information on all known mendelian disorders and over 12,000 genes. OMIM focuses on the relationship between phenotype and genotype. It is updated daily, and the entries contain copious links to other genetics resources.
There are 13308 genes with known sequence, while only 334 gene with both known sequence and known phenotype. And 1771 unknown mendelian phenotype or locus, molecular basis.
The certainty with which assignment of loci to chromosomes has been graded into the following classes: C, P, I, L which denotes confirmed, provisional, inconsistent and limbo respectively.
Protein interaction network
Human Protein Reference Database (HPRD) is a protein database accessible through the internet [12] . All the information in HPRD has been manually extracted from the literature by expert biologists who read, interpret and analyze the published data. Information regarding proteins involved in human diseases is annotated and linked to OMIM database. We constructed a network containing 39194 pairs of protein-protein interaction, using the latest release 9.
3.Materials and Methods

Construction of the disease and normal gene set
We extracted the genes' information from the OMIM genemap and classified these genes into two types according to their status in OMIM.
There are four status of genes in this genemap. The certainty of confirmed(C): genes which are observed in at least two laboratories or in several families are considered as disease genes. The rest are provisional(P) status: these genes are collected based on evidence from one laboratory or one family; limbo(L) status: the genes whose evidence are not as strong as that provisional ones; and the Inconsistent(I) status: the genes which have disagree of different laboratories.
Strategy one
We mined the genes with C status for confirmed disease-related gene set. And the rest of genes with P, L, I status were treated as the testing set.
3.1.2
Strategy two 3.1. 3 We considered the genes which belong to status P as confirmed disease-related gene set. This hypothesis is reasonable because the evidence from one laboratory or one family is strong enough.
We eliminated the disease genes and the test genes from the Protein-Protein Interaction data set, and the rest of the binary interactions were considered as normal network. The self-loops were removed from both the disease-related network and the normal network. Strategy one have a larger testing set than strategy two.
Feature Vector Construction
We used Cytoscape [13] to visualize our disease-related gene network and normal gene network.
Cytoscape is an open source software platform for visualizing complex-networks and integrating these with any type of attribute data. A lot of plugins are available for various kinds of problem domains. The NetworkAnalyzer is a useful plugin of Cytoscape for analyzing the constructed network [14] . We used this plugin to compute basic parameters of the constructed network as showed in TABLE 1. The right column of the disease label gave the parameters of strategy one, and the left column those of strategy two.
As we can see from TABLE I, several parameters have distinct difference. The clustering coefficient, shortest paths and network heterogeneity of the disease-related gene interaction network are higher than those of the normal interaction network. These indicate the disease-related gene tends to be the hub node, in a complex network, which has more neighbors than others. Evidences from model organisms indicate that hub proteins tend to be encoded by essential genes [15] , and the genes encoding hubs tend to be older and evolve more slowly than genes encoding non-hub proteins [16, 17] 
Node Degree(ND)
The Degree of a node n, ( ) D n , is the number of its neighbors [20] .
Clustering Coefficient(CC)
In undirected networks, the clustering coefficient [21] n C of a node n is defined as
where n k is the connectivity (number of neighbors) of n and n e is the number of connected pairs between all neighbors of n.
Neighborhood Connectivity(NC)
Neighborhood connectivity of a node n is defined as the average connectivity of all neighbors of n [22] .
2) The neighborhood connectivity distribution is a complex network parameter that gives the average of the neighborhood connectivity's of all nodes n with k neighbors for
Topological coefficients(TC)
The topological coefficient [23] n T of a node n with n k neighbors is defined as:
The intersection of the two predicted sets
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Here, ( , ) J n m is defined for all nodes m which share at least one neighbor with n . The value of ( , ) J n m is the number of neighbors shared between the nodes n and m .
The four features(ND,CC,NC,TC) of the disease related network and normal network were shown as Figure 1,2,3,4 . It shows that the disease-related gene tends to have higher degree , neighborhood connectivity and clustering coefficient. The topological coefficient also have distinct differences as seen from the fit line in figure 4 . These results consist with the hypothesis of the previous study: in humans, hubs always associated with disease genes. For example, Xu et al. found that disease proteins in the OMIM have more protein-protein interactions than non-disease proteins. [24] Jonsson et al tested 346 proteins that are implicated in cancer, and found that on average, the number is twice as many interaction partners as did non-cancer proteins [25] . The deletion of genes encoding hubs also leads to a larger number of phenotypic outcomes than those of other genes [26] . 
Machine Learning[27] by SVM
The support vector machines [28] (SVMs) are a set of related supervised learning methods used to analyze data and recognize patterns, and most suitable for classification and regression analysis. Using these four parameters as feature vector, we trained a SVM prediction model by the tool from libsvm [29, 46, 47] .
Cross-Validation Test
Once the disease-related gene predictor is constructed and trained, we evaluated its performance. 10-fold cross validation was used to test our trained model. Strategy one gained an accuracy of 75.09% while strategy two gained an accuracy of 83.63%.
Results and Discussion
Results of the prediction models
Based on the four groups of genes which were classified by their status C, P, L and I, we constructed the disease-related gene network using two strategies mentioned above. While the first strategy aimed to construct a more certain disease-related gene network by using only the C status genes, the second one aimed to enlarge the scale of the disease-related gene sets by adding the status P genes into disease sets. The second strategy is also reasonable because the status P genes, meaning that at least one institute confirmed them as the disease-related genes, could be considered with the status C genes together as the disease set. But the testing group of strategy two is much smaller than that of strategy one. Compared to the first strategy, the second can only predict the disease-related genes from the group of Status L and status I.
We gained 2873 and 27 potential disease-related genes using our trained SVM model predictors, from the testing set of strategy one and strategy two, respectively. These predicted genes are more likely to be related with disease-related.
The interaction network of the 27 genes predicted from strategy two was visualized by Cytoscape and shown as in figure 5 . It indicates that all the hubs were always associated with disease genes, corresponding with the previous study mentioned above.
Furthermore, we found the intersection of the two predicted sets contains 19 common genes, they are showed in table III. These predicted genes which are now reported as in L or I status, more worthy to be tested in the biological experiment for bio-scientists. We did not show the visualized picture of the 2873 predicted genes for strategy one because it contained too many nodes to gain useful information from human sight.
Once the construction of the network by strategy two is finished, enrichment analysis was performed by BiNGO [30] ,which is another useful plugin of Cytoscape. Hyper geometric test [31] was selected for statistical test, and Benjamini Hochberg False Discovery Rate [32] (FDR) method was selected for correction. The GO-ID and description with their P-value (<0.05) and cluster frequency are showed in Table IV , respectively. Figure 6 shows the enrichment of Gene Onthology. The colored nodes denote the overrepresented GO categories after correction. The peroxisome and peroxisomal membrane are frequent involved in these categories.
In the fields of genetics and evolutionary computation, a locus is the specific location of a gene or DNA sequence on a chromosome. We computed the gene locuses of the 2873 predicted genes from strategy one, as shown in table 2, the left column is the locus name, while the right column is the number of the predicted genes that have this locus. For example, there are 40 genes the locus of which is 6p21.3 in the 2873 predicted gene sets.
Furthermore, we investigated the biological function of the genes within the intersection, we could see these genes were related to disease. As a results, we found 11 genes including AP3B2, ASGR2, BTC, IGFBP5, LHX1, LTBR, NOVA1, NPPC, PEX12, TRADD , USF2, were disease genes or potential disease genes supported by at least one literature, and did not find literatures that supported the other genes including FZD5, DBI , LGTN, PIGH, PLEK, RRH, SYT2 and TBR1 were related to disease. AP3B2 may related to mesenchymal tumor [33] . Grewal et al. found that platelet deficiency associated with St3gal4 deficiency and disruption of sialyltransferase function was restored in Asgr2-deficient mice [34] .BTC is a significant growth factor for pancreatic cancer cells and plays a important role in pancreatic cancer cells [35] . GFBP-5, also has an important role in controlling cell survival, differentiation, apoptosis and potential role in tumor development [36] . Cheroki et al. found that LHX1 might influence the genomic imbalance of patient with müllerian aplasia [37] . Haybaeck et al. confirmed that LTBR joined the pathway promote the hepatocellular carcinoma [38] and Daller et al showed that LTBR promote the tumor growth in an NFκB-dependent manner [39] recently. Buckanovich et al. identified the gene NOVA1 from patients with a paraneoplastic neurologic disorder [40] . NPPC was associated with a cluster of translocation breakpoints in 2q37 by Moncla and his co-workers [41] . PEX12 was confirmed to be related to the peroxisome biogenesis disorders by different labs [42, 43] . Silencing TRADD can lead to the tumor necrosis factor receptor-1-induced neuronal death, which may be the pathogenesis of Japanese encephalitis [44] . Ismail et al found that USF lost its transcriptional activity in breast cancer cell lines [45] . Here we just list the gene symbol with their related disease in Table V.
Discussions
The key point to help the biomedical scientist pre-confirm the disease gene is to construct a good prediction model. Choosing the feature vector efficiently is very important. As it is shown in figure1-4, the confirmed gene set and the normal gene set have different distribution of these four features. But the prediction accuracy of the results from both of the strategy one and strategy two are not high enough. That means some of the genes from the predicted testing set are not disease-related. Even though the prediction could help the biomedical scientist save much time, but we still believe the accuracy could be higher with other biological information integrated. Here exists a problem: if feature A and feature B works well separately, will they works the same or more better when put feature A and B together? Based on different biological information, it is still another problem to be address that how to choose the feature and how to construct the feature vector for the svm model.
In high through-put and diverse data from different source of database, many genes which have different names may be actually the same. This leads to another problem: for example, are the 40 genes which have the same locus in table II all different genes or just have different names? If they are different genes then the locus should be studied further. If they are actually the same genes, then, a unique gene name map should be established from other database which contains canonical and fullscaled, in detailed gene information, such as in GO.
The result from investigation of biological function shows the creditability of our prediction, especially the 11 genes which supported by at least one literature.
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